This paper combines district-level government spending data from Indonesia and natural disaster damage indices to analyze the extent to which districts are forced to reallocate their expenditures across categories after the incidence of floods, earthquakes, and volcanic eruptions. The results reveal that district government spending is quite sensitive to the incidence of natural disasters at the local level. In the case of floods, districts reallocate spending away from the category of general administration to sectors such as health and infrastructure. Moreover, volcanic eruptions seem to lead to less investment in durable assets both in the year of the disaster as well as the following year. Overall, these results highlight the potentially useful role of a national disaster risk financing insurance program toward maintaining a relatively stable level of district-level spending in different sectors.
Introduction
During the period 2003 through 2013 natural disasters have been estimated to have caused damages of up to US$1.5 trillion (Food and Agriculture Organization of the United Nations, 2015), arguably leading to stagnating GDP growth and funding issues for impacted countries. These disasters affect public finances through losses in revenues from lower tax income from less production output and increased spending for aid and rebuilding (Hofman et al., 2006) . In Indonesia, specifically, it was estimated that the annual impact of natural disasters is around 0.3 percent of GDP, potentially rising to up to 3 percent in the case of a major earthquake (The Global Facility for Disaster Reduction and Recovery, 2011) .
1 There are a number of studies that have examined how natural disasters have impacted the fiscal sector of affected countries. For a large set of countries and different natural disaster events grouped together, Lis & Nickel (2010) , for example, estimate that the negative budgetary impact of extreme weather events can be up to 1.1 percent of GDP. Melecky & Raddatz's (2014) analysis shows that government expenditure increases, whereas revenue does not respond to climate shocks. Looking at tropical storms in the Caribbean, Ouattara & Strobl (2013) demonstrate that hurricane strikes cause an increase in government spending and short term deficit financing. Lastly, Noy & Nualsri (2011) also note that the fiscal impact of natural disasters depends on the country-specific macroeconomic dynamics occurring in the aftermath of natural disaster shocks.
In most cases, the financial burden of rebuilding and recovering after these disasters falls on local and central governments. The funding of these financial shortfalls could be done 1 Major earthquake is defined as an earthquake that occurs once every 250 years.
through both ex-ante strategies, such as insurance as well as ex-post financing, for example through loans. However, for developing countries, it can often be difficult to get access to external loans through private markets, leaving only insurance, external aid, tax increases or internal redistribution of finances as potential sources of funding (Bevan et al., 2016; Mahul & Ghesquiere, 2010) . With insurance still uncommon in most developing countries 2 , foreign aid is usually available only after large disasters, and tax increases politically unpalatable, redistribution of spending across different budget categories is perhaps the only remaining or default alternative for post-disaster financing for many governments. A key questionthat will be addressed in this paper -is which sectors receive less funding to finance the disaster relief. This is an insight that can potentially help policy makers detect any sectors that experience shortfalls following disasters.
Budget reallocation as a response to post-disaster financing has received only scarce attention in the literature. For example, papers such as Bevan et al. (2016) focus on the redistribution at a sovereign level, and only as a theoretical exercise. In this paper we will use detailed budget expenditure data for Indonesian districts for the period 2005 through 2012, and combine these with spatially disaggregated damage indices for floods, earthquakes, volcanic eruptions and the 2004 tsunami to construct a unique spatial panel data set. This will allow us to obtain a first empirical estimate of how local governments change their spending following natural disasters.
The district level budget data contain revenues and expenditures provided every year to the Regional Financial Information (SIKD) and are broken down across 12 different economic sectors such as health, education, agriculture and infrastructure. In addition to the sectoral breakdown, local government spending is also classified into four categories; namely, capital expenditure, goods and services, personnel and other, providing an alternative for analyzing any changes among these categories.
To answer how disaster relief is financed, one needs a proxy for local damages. In Skoufias et al. (2017) , the authors have constructed damage indices for different disaster types, and this paper will see how well these can be used to identify potential district budget reallocations due to natural disasters. An added benefit of the indices is that they are constructed from freely available data, implying that they can be a cost efficient resource for identifying local economic activity. The natural disaster damage indices in Skoufias et al. (2017) are constructed by modeling the local strength of each disaster using its physical characteristics and taking account of local exposure to these aspects using nightlight intensity derived from satellite imagery. The disasters examined are floods, earthquakes, volcanic eruptions and the 2004 tsunami, all of which are modeled using different remote sensing data that are aggregated up to district level.
The remainder of this paper consists of four parts. First, there is a brief section on the construction of the damage indices. Then a part presenting the budget data, followed by the main part with the methodology and results, before finishing with a conclusion.
Natural Disaster Damage Indices
The methodology and data sources used to make damage indices for natural disasters are extensively covered in Skoufias et al. (2017) , and there are also additional details in Appendix A. Generally, the paper uses remote sensing data for the different disaster types -floods, earthquakes, volcanic eruptions and the 2004 tsunami -that are combined with nightlight data -used as a proxy for economic activity -to construct an index that estimates the impact on districts and provinces.
More specifically, the nightlight data used provide a normalized annual light value ranging from 0 (no light) to 63 (maximum light) and are from the Defense Meteorological Satellite
Program (DMSP) satellites. Using these data as a proxy for economic activity -when no other data exist -has been employed in papers such as Henderson et al. (2012) , Hodler & Raschky (2014) and Michalopoulos & Papaioannou (2014) . In our case, the nightlight data have been employed as a weight for the economic impact of disasters.
Floods are modeled through a combination of remote sensing images and GIS-modeling using the Geospatial Stream Flow Model (GeoSFM). The remote sensing inputs comprise weather data, such as rain and temperature, as well as soil and terrain data. These sources are then used by GeoSFM to model basins across Indonesia and the stream flow in each of these. The final steps consist of setting a threshold for when a stream flow is strong enough to flood the basin and then weighting this with the nightlight data and aggregating up to a district level.
The earthquake index is constructed from computer generated contour maps by the US Geological Survey (USGS) of earthquake intensity data, commonly used as potential damage proxy (De Groeve et al., 2008 ; GeoHazards International and United Nations Centre for Regional Development, 2001; Federal Emergency Management Agency, 2006) . Utilizing the contour maps as a base for damage infliction, we combine them with the nightlight and building type data from the USGS building inventory for earthquake assessment to create fragility curves by building type; see Jaiswal & Wald (2008) and GeoHazards International and United Nations Centre for Regional Development (2001) . Finally, the data are aggregated up to a district level set.
To model volcanic eruption intensity, we utilized a two-fold process. First, volcanic ash advisory data from Volcanic Ash Advisory Centers (VAAC) are used to detect eruptions.
The advisories are produced for the airline industry to warn airplanes about impending or ongoing eruptions through color coded messages. We use only the highest warning level of ongoing eruption as a threshold of when to include an eruption in the data set or not.
Second, images containing sulphur dioxide data from the OMI/AURA satellite are used to model the intensity of the eruptions. These images provide SO 2 density data and have been utilized by Carn et al. (2009) and Ferguson et al. (2010) to model eruption intensity. The data are then combined with the nightlight data and aggregated up to district level.
Finally, the 2004 Christmas tsunami has been modeled following a method where Heger (2016) uses inundation maps to construct a district level damage index assuming uniform damage across all flooded areas. To construct an inundation map of the affected areas, a map based on MODIS satellite pictures from Anderson et al. (2004) is used with spatial algorithms to detect the difference in color between inundated and non-inundated areas. Once the map is constructed, it is weighted and aggregated just like the other indices.
As for the indices themselves, the actual coefficients for floods and volcanic eruptions are simple intensity measures that do not convey anything on their own apart from an intensity weighted by nightlights. For earthquakes and the tsunami, the numbers show the overall damage to buildings in the district. Table 1 shows the descriptives of the damage indices, with floods striking districts 2,417 times over the 8 year time period, meaning that approximately 300 districts are affected by floods annually. The earthquakes struck 435 times, while the volcanic eruptions and the tsunami affected a limited number of districts, due to the limited number of big events.
The strongest earthquake damaged almost 5 percent of the buildings in a district, while the district that was worst hit by the tsunami experienced damage to 23 percent of the building mass. The 12 sectors are presented in the top panel of Table 2 , where nominal numbers are converted into yearly ratios, which eliminate inflationary issues as well as spending differences due to district size and wealth.
4 The three largest sectors are General Administration (GA), Education and Infrastructure. General Administration is -as the name suggests -a very general budget sector, which includes posts regarding planning, civil administration, governance, statistics and communication.
5 Most of the sectors have between 4,000 and 4,500 observations, but public law and order, housing and -in particular -religious affairs have much fewer observations, implying that the overall ratios might be skewed a bit by districts that report these sectors compared to districts that do not. However, on average the under-reported sectors constitute less than 5 percent of the total expenditures, making their overall impact small. The reason for the fewer observations 6 and the lack of completeness are unknown, but we will be treating missing data as missing and make ratios based on a 3 Of these 511, we will be using 299 in our final dataset. Details on these are outlined in Section 4. 4 Nominal data are shown in appendix B. 5 Specifically the posts included are: Development Planning, Population and Civil Administration, General Governance and Public Administration, Apparatus, Village and Community Empowerment, Statistics, Archive, Communication and Information and finally Transmigration.
6 Religious affairs are only reported for Aceh, implying that it is a province specific category.
total of reported sectors. The economic classifications ratios are in the bottom panel of Table 2 . 7 The four categories are split partly by durability and partly by other criteria. Capital Expenditure is defined as expenditures on assets with durability of more than 12 months, whereas Goods and Services are on assets with a durability of less than 12 months. The former typically comprises purchase of land, buildings and large equipment, while the latter includes items such as work clothes, small repairs, stationaries and short term rental. Personnel Expenditures is mainly salaries to public servants, but also includes some other costs related to employees such as accident/death expenditures and expenditures related to tax income. Finally, the Other Expenditures include financial costs such as interests and subsidies as well as unforeseen costs related to for example natural disasters.
7 Nominal data are shown in Appendix B. 
Impact of Natural Disasters on District Spending
Despite the potentially large impact natural disasters can have on local finances, the literature analyzing the economic effects is practically non-existent. Our analysis will provide a simple framework that can be used for any natural disaster type and any type of local financial data. For Indonesia, the local level that will be analyzed is districts. A caveat with that level, is that the number of districts has increased during the period due to administrative splitting.
Out of 511 districts 167 of them have been part of a split, implying that the budget numbers would change sometime during our period. Any split districts will have to be disregarded as the nominal and relative size of the expenditures will change following a split.
Furthermore, not all of the 344 non-split districts have been affected by a disaster. The modeled damage indices have registered that 304 of the 344 districts have experienced at least one natural disaster large enough to be included.
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Finally, there are 488 districts that have reported at least one sector or classification for at least one year. Of these 488 there are 299 districts that are non-split and have experienced a natural disaster.
Methodology
Given that the data are structured as spatiotemporal panel data, a fixed-effect regression methodology could be used, with the expenditure ratios as the dependent variable and the damage indices as independent variables. That being said, the different ratios are necessarily related. We have therefore chosen to use the method for seemingly unrelated regression (SUR) as explained in Blackwell III et al. (2005) .
Their methodology is based upon Baltagi (2001) , Judge et al. (1988) and Wooldridge (2002) . In short, they use a system of SUR with error components. It is assumed that all coefficients of constant terms are the same across the system and that all independent variables are quantitative and require restriction across the panels in their equations, while fixed-effect dummies vary by panel.
In our case this translates into a set of equations. The basis is:
where the left hand side is defined as the ratio:
where j are different economic sectors or classifications, i is the district, t is the year and C is the expenditure. On the right hand side of Equation 1 we find the different damage indices by year and district. These are identical across the different economic sectors. Finally, there is a fixed effect term, α j,i , a yearly dummy term µ t , a time trend term per district term λ j,i,t and an error term, j,i,t . Note that the above model has included a lag operator, i.e.
allowed for disasters in the prior years. 9 The model can be used both with and without the lag terms.
Creating Panel Data
Equation 1 yields the best results if the input data are balanced. However, there are several years and sectors missing for many of the districts in our data set. Table 3 shows how the number of districts changes with how strict a criteria one sets for the data. Balanced means that a district has reported the specific sector for all years, whereas unbalanced means all observations regardless of how many years a district has reported. More precisely, unbalanced 1yr and 2yr means that a district has not reported for 1 or 2 years in a sector.
Comparing the results with the optimal case of all 299 districts having reported for all 8 years, we see that the number of districts reporting data for a sector across all years is very low. There is actually no district that has reported for all sectors in all years. Allowing for the expenditure data to be unbalanced adds many more districts. However, leaving the sectors fully unbalanced, i.e. a district would be included even if a sector is only reported once, would potentially skew the data. By including districts that did not report a sector expenditure in one or two of the years, we increase the number of observations and avoid the 9 Due to the limited time period, we only lagged for one period. Hence, the tsunami index is not included in the lag operator.
districts that rarely report a sector. The assumption is that districts that regularly file their expenditures are more likely to report correct numbers. The difference between allowing 1 and 2 years of missing reporting is fairly significant, most likely due to some years generally having fewer reports. For example, the years 2007 and 2011 had fewer than 200 districts reporting across all sectors 10 , the reasons for which are unknown. Given how the expenditure data are distributed, the unbalanced panel that allows for 2 missing years of reporting is the best compromise between a balanced panel and retaining enough observations across the sectors. To make sure that this does not affect our damage indices too much, we have shown how the disaster descriptives change in Table 4 .
Compared with the full set of disasters shown in Table 1 , the mean and standard deviation for floods and earthquakes fall. The main reason for the earthquake coefficients to move down is that some big earthquakes hit districts that were later split. One of the more active earthquake areas is the province of Aceh, which has experienced many district splits. This is 10 General Administration had 202 reports in 2011.
also why the number of tsunami districts is just 1 or 2 instead of the 6, which is all affected districts. Volcanic eruptions see a slight increase in mean, whereas the standard deviations
are close to what they are for the full sample.
Some sectors with fewer observations, such as Public Law and Order, Housing and Social
Protection deviate more from the norm than the more robust sectors with more observations. However, importantly, most sectors stay within a fairly tight band both for mean and standard deviation, implying that the sectors experience similar disaster impact. Overall, we believe the number of observations for floods and earthquakes is high enough to provide fairly robust results, and even volcanic eruptions can be useful as a guidance. The tsunami index however is suffering from having only one or two districts in our sample. For the economic categories, the overall data look better, as seen in the lower panel of Table 4 . The flood and earthquake districts are well covered, and for volcanic eruptions it is the same districts that have reported for all categories. Finally, the tsunami data are covered through two districts. Overall, the data are more complete than for sectors.
Results
Having decided on the methodology and datasets we ran the regressions based on Equation 1, both with and without lags. There were two different sets of regressions, one with the 12 sectors as dependent variables and another one with the four categories being the dependent variables. In both cases, the damage indices were independent variables. In addition we controlled for the fixed effects, potential time trends and potential regional time trends. The datasets used were the panels missing no more than 2 years of reporting. 
Sector Results
The first sector results are presented in the left panel of There is a strong negative effect on GA and Education, whereas Health and Infrastructure expenditure goes up. For a disaster type such as flooding it makes sense that health and infrastructure spending goes up since there will be an increased need for medical attention and roads and other infrastructure might be swept away.
Regarding the other sectors, Agriculture is highly significant and spending goes up, potentially due to fields and other arable land being washed away or flooded. Agriculture is a sector that is often close to water sources and hence might be more prone to be hit by floods. The rather general sector of Economy also experiences a statistically significant increase in spending, a pattern it shares with Tourism and Culture. It has to be mentioned that these are rather small sectors with Tourism and Culture constituting 0.6 percent of the total budget on average.
In terms of what this translates into, the left panel of Table 6 Continuing with the earthquake results in the next column in Table 5 , there is no significance apart from for Tourism and Culture and Public Law and Order, which are significant at the 10 and 5 percent level, respectively. The reason for the lack of significance might be due to earthquakes being more likely to be declared national disasters and/or recovery costs exceeding what local governments are capable of covering, one might expect to find a limited 14 As found in the nominal tables in Appendix B.
effect during the year of the disaster. The key sectors' change for volcanic eruptions show that a mean eruption would lead to Education spending taking up 1.9 percent more of the total, GA 0.4 less, Health 0.5 more and Infrastructure 1.2 less. The worst eruption would lead to increases of 10.7 and 2.8 percent for Education and Health and decreases of 2.5 and 7 percent for GA and Infrastructure. This seems to be too high, and these changes could be due to some other transfers to the districts.
The fourth column shows the tsunami results. Agriculture and Economy expenditure are strongly negative. In addition, Education spending is strongly significant and positive. Finally there is a decrease in GA, which is 10 percent significant. The changes translate into a 10.1 increase in Education spending and a 7.4 percent decrease in GA. However, these results might not be very robust, given the very limited number of districts in our dataset and the fact that funding for response, recovery and reconstruction came from a plethora of sources including international donors and governments as well as the Indonesian government.
Continuing with columns 5 through 9 in Table 5 -the same model with the addition of variables lagged a year -the same pattern shows itself across the sectors for flood. With the addition of the lags, the significance decreases for some of the sectors. For instance, the Health sectors shows no effect the year after a flood has hit. However, there is still a decrease in GA and Education. Agriculture still experiences an increase in spending the year after, while Infrastructure is not significant. Potential reasons for the other shifts can be that Health spending consists of an increase in short term spending, while the medium term health effects after a flood are not as pronounced. The same can be said for infrastructure, i.e., washed out roads and railroads are fixed as soon as possible and hence the sector is not as affected the next year. It should be noted that there is an overall effect on the budget the year after, though, although it is less than for the year the disaster strikes. For agriculture it might be harder to fully assess the damage and some of the repair costs will come in the form of help the year after. Any shortcomings seem to be taken from General Administration and Education. The changes for Law and Order are hard to explain, but that sector is very small in general.
The final four columns of Table 6 show the percentage changes for the four key sectors with the lagged variables. GA and Education decreases by 1.1 and 0.9 percent, while Health and Infrastructure increases by 0.4 and 1 percent. These changes are in line with the results without the lags, potentially showing that the effects of floods can affect next year's budget as well. For the year after the disaster, GA and Education still show significant decreases, with spending 0.9 and 1.2 percent lower. The total effect on GA and Education on the budget for the year after the disaster is negative 1.9 and 2 percent. If one assumes that the max flood strikes a district, the changes are in excess of minus 5 percent for GA and Education and plus 5 percent for Infrastructure. Overall, there is some evidence that districts tend to redistribute costs not just for the year of the disaster, but also for the year after.
For earthquakes, most of the sectors are significant the year after the disaster. As mentioned, earthquakes are more likely to be declared national disasters and/or recovery costs exceeding what local governments are capable of covering, which might limit the local costs during the year of the disaster, while one might see a stronger effect the year after, once the true reconstruction phase starts. For the year after the disaster, Education is strongly negatively affected. In terms of Health and GA there is a strong positive effect, and Health is 1 percent significant. For two sectors that one might expect a large change in, Infrastructure is just 10 percent significant and Housing not significant at all. It is not clear why this would be the case, but potentially it is easier to get central government funding for infrastructure and housing reconstruction. This is supported by the findings in a follow-up mission to the The Global Facility for Disaster Reduction and Recovery (2011) report, which found that local governments have incentives to inflate loss estimates since they are not required to contribute toward reconstruction costs. Overall, our models seems to have performed well with fairly consistent results across both models. Generally speaking, these types of disasters do seem to lead to a reallocation of resources, both for budgets in the disaster year as well as for the budget the year after a disaster. Table 7 shows the results for the four economic categories, with columns 2-5 presenting the results for the model without lag. Floods cause a 1 percent significant decrease in spending on Goods and Services, which is partly offset by a 10 percent significant gain in Other
Category Results
Expenditures. This seems plausible, Other Expenditures have been known to be used to fund natural disaster repairs and short term goods and services consists of many small and flexible line items where purchase can be postponed or canceled.
The percentage changes to the expenditures are shown in Table 8 The results for the lagged model are very similar for the disaster year, as seen in Table 7 .
The main difference is for the earthquake coefficients, that see 5 percent and 1 percent significance for Capital and Personnel expenses for the year following the disaster. The capital being positive and the personnel change being negative. This can possibly be due to the recovery phase having started and the local districts taking on more of the disaster costs, with preference being given to the repairs of long term assets over hiring people. However, for volcanic eruptions the picture is the opposite, with Capital being negatively affected and Personnel being positive. This can -as mentioned earlier -be due to our SO 2 model not being a good proxy for damage to durable assets.
The changes for the different disaster types are summarized in the rightmost columns of Table 8 , with the main difference compared to the lag free budgets are that earthquakes now cause a 0.8 percent increase to Capital costs in the year after the disaster combined with a 1.1 percent decrease in Personnel Expenditures. Furthermore, Volcanic Eruptions lead to a total decrease of 4.3 percent to Capital Expenditures across the disaster year and the lag year, while at the same time Personnel increases by 4 percent. However, for the year after the disaster, the coefficients are only 10 percent significant.
The overall results for the four categories show -like the sector results -that some redistribution seems to occur in the districts following disasters. The level of change depends on the strength of the disaster, but there might be an issue arising from some disasters being large enough to cause the central government or other sources to come in and provide funding. These results demonstrate how remotely sensed and freely available data can be used to analyze local economic data. Unless one has access to more complete data and local level damage data that allow better calibration of the damage indices, the methodology presented here can be used to get an overview of damages shortly after the incidence of an actual disaster. Moreover, with data available on the budget of last year, one can quickly assess which budget categories at the district-level might need extra funding.
Overall this is an area that has received little attention in the literature, and future research can shed more light on how local level authorities deal with disasters by comparing the results of this study in Indonesia with other emerging countries or middle income countries. Another potential avenue for future research could be assessing policy impact. More specifically, Indonesia has a strong focus on strategies and policies for dealing with natural disasters 16 , where key areas of improvement are outlined 17 . We believe that while the current dataset can only be used to find how budgets are allocated ex-post, the methodology outlined could very well be used for analyzing the impact of the Indonesian policies given further improvement in reporting of disaster related costs. 
A Constructing the Damage Indices
This appendix provides more details from Skoufias et al. (2017) on the construction and aggregation of the disaster indices in the main paper. To weight the indices, nightlight data are used as a proxy for economic activity.
A.1 Flood Index
The flood index is made from stream flow modeled in GeoSFM, a software that uses remotely sensed data as inputs, which are weather and soil and terrain based. GeoSFM models basins and the volume of water running through each basin. Once the stream flows have been modeled, we apply the following formula to decide whether a flood has occurred or not:
where Q is the stream flow in cubic meters, P 95 is the 95th percentile value and σ is the standard deviation of the stream flow.
The next step is to define the flood intensity through the formula:
where I Furthermore, the weights from (5) are multiplied with the intensity from (4) to get the overall flood impact, FI b,p,t in basin b on the province p at time t:
Then, to aggregate up to a district or province level, we have used a simple method for the total damage experienced per year:
where p is the province or district, sum of t is all the days in year y, sum of b are all the basins in the province or district and FI b,p,t is the flood impact from Equation 6 for province or district p.
A.2 Earthquake Index
To model earthquake damage, contour maps -known as ShakeMaps -from USGS are used.
These provide intensity data such as peak ground acceleration (PGA), peak ground velocity (PGV) and modified Mercalli intensity (MMI). The PGA is a measure of the maximum horizontal ground acceleration as a percentage of gravity, PGV is the maximum horizontal ground speed in centimeters per second and MMI is the perceived intensity of the earthquake, a subjective measure.
To construct the damage index, two types of data will be used; the intensity data -expressed as PGA -and building inventory data, to assess what damage one could expect for different intensities. In order to take account of the building types in Indonesia we use information from the USGS building inventory for earthquake assessment, which provides estimates of the fractions of building types observed by country; see Jaiswal & Wald (2008) .
The data provides the share of 99 different building types within a country separately for urban and rural areas, where -due to lack of other information -a homogenous distribution of buildings is assumed.
Then fragility curves by building type are derived from the curves constructed by the Global Earthquake Safety Initiative project; see GeoHazards International and United Nations Centre for Regional Development (2001) . More specifically, buildings are first divided into 9 different types. Each building type itself is then rated according to the quality of the design, the quality of construction, and the quality of materials. Total quality is measured on a scale of zero to seven, depending on the total accumulated points from all three categories. According to the type of building and the total points acquired through the quality classification, each building is then assigned one of nine vulnerability curves which provides estimates of the percentage of building damage for a set of 28 peak ground acceleration intervals.
In order to use these vulnerability curves for Indonesia we first allocated each of the 99 building types given in the USGS building inventory to one of the 9 more aggregate categories of the GESI building classification. However, in order to assign a building type its quality specific vulnerability curve we would further need to be able to determine its quality in terms of design, construction, and materials, an aspect for which we unfortunately have no further information. We instead assume that building quality is homogenous across building type in Indonesia and use a median quality of 4 for our model.
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To model estimated damage due to a particular earthquake event the data from the ShakeMaps and GESI are used. Then, one identifies the value of peak ground acceleration that each nightlight cell in Indonesia experiences by matching each earthquake point with its nearest nightlight cell. If the cell is further away than 1.5 kilometers or if it experiences shaking (PGA) of less than 0.05 the value is set to 0. In order to derive a cell i specific earthquake damage index, ED, the following equation is applied:
18 We ran the model for all building qualities from 0 through 7, without it changing the results materially.
where DR is the damage ratio according to the peak ground acceleration, pga, and the urban (U) or rural (R) qualification, k, of cell i, defined for a set of 8 different building quality q categories. t is the year of the event and p is the province or district. 19 The weight W i,p,t−1 is similar to before, being defined as:
which translates to the weight of the light from nightlight cell i in year t − 1 over the total amount of nightlight cell light,
Finally, when aggregating, a similar method as for floods is used, but now the aggregation is done directly by nightlight cells instead of by basin. The equation is: 2004, . . . , 2014 (10) where sum of t is the sum of all days in the year y, i is all nightlight cells in the province or district p and ED is the damage from Equation 8.
A.3 Volcanic Eruption Index
The construction of the volcanic eruption index utilizes ash advisory data and satellite data to model sulphur dioxide concentration in the atmosphere, and the SO 2 value is used as a proxy for eruption intensity as the strength of an eruption is closely correlated with the amount of SO 2 that is emitted into the atmosphere. For event distance, we set a very relaxed condition with any point closer than 10 degrees of latitude and longitude included. Secondly, for nightlight matching, a maximum distance between a nightlight point and the nearest SO 2 -point is set at 50km. Finally, a minimum SO 2 -value in Dobson Units is chosen. According to the Belgian Institute for Space Aeronomy, a typical normal level in air is 0.1DU and a strong eruption is above 10, which is the threshold value chosen.
Once the thresholds have been set, the same nightlight weighting method as for our other indices is applied and then the weights are multiplied with the SO 2 value to get an intensity value. The equation is:
where i is the nightlight cell on date t, and W i,p,t−1 is the previously used weight where i is the nightlight cell, t − 1 is the nightlight strength from the prior year and it is divided by the sum of total nightlights in the province or district. VSO2 t is the SO 2 value on date t.
Finally, to aggregate the data, the same method as before is applied, with:
where all days t of a year and all nightlight cells i in province or district p are aggregated.
A.4 Tsunami Index
The final disaster damage index constructed is for the 2004 Christmas tsunami. There is little local district level damage data available, so it was decided to use the methodology from Heger (2016) , whereby inundation maps are used to construct a district level damage index assuming uniform damage across all flooded areas.
To construct an inundation map of the affected areas, a map based on MODIS satellite pictures from Anderson et al. (2004) is used. In terms of the intensity of the flood, there is no existing data on that, but a uniform flood intensity across all flooded areas is assumed, just as in Heger (2016) . Using a base map from DFO, spatial algorithms were used to detect the difference in color between inundated and non-inundated areas. This process started with overlying the base map on a regular shapefile of Indonesia, then detecting the specific color of inundated areas, before constructing a new shapefile where all inundated areas (areas with the same color) have value 1 and all other areas have value 0.
Finally, the weights are -again -defined as nightlight in the cell over total nightlight in the province. Assuming a damage of 75 percent in the inundated cells, yields a final damage index formula:
where TD i is the province weighted damage from nightlight cell i, W i,p,t is the same weight as for earthquakes and D is the flat damage number of 0.75.
Aggregating up the data is done using the same method as in all previous sections, where the nightlight cells across the district are summed up:
where all nightlight cells i in province or district p are aggregated. In RP million In RP million 
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